INTRODUCTION
Under the background of global warming, frequencies and intensities of extreme climate events may either increase or decrease, with obvious regional differences (IPCC 2007) . More and more attention has been paid to the variations and trends in extreme precipitation (Easterling et al. 2000 , Karl & Easterling 1999 . Both frequencies and intensities of extreme precipitation over mid-and high-latitude land regions of the North Hemisphere have increased in recent decades (Alexander et al. 2006 ) and might be a response to the anthropogenic global warming (e.g. IPCC 2007 .
It seems that flood disasters in China, especially in the eastern part, occurred more frequently in the late 1990s than during other periods, which brought enormous economic losses (Wu 2002) . In the last decade, there have been many studies focusing on extreme precipitation events over China (Zhai et al. 1999a ,b, 2005 , Yan & Yang 2000 , Zhai & Pan 2003 , Qian et al. 2007 , You et al. 2010 , Gemmer et al. 2011 . Extreme precipitation exhibits increasing trends over northwest and southwest China, the Yangtze River Basin, and south eastern and southern coast regions of China (Zhai et al. 2005 , Yang et al. 2008 , You et al. 2010 ). There are de creasing trends over Sichuan Basin (You et al. 2010 ) and northern China (Zhai et al. 2005 , Yang et al. 2008 , You et al. 2010 , such as the mid-lower reaches of the Yellow River Basin and the Huaihe River Basin . Regional analysis shows that abrupt changes occurred in Northeast and North China (Yang et al. 2008) . At the same time, there were no significant trends for extreme maximum daily precipitation in most of the 60 stations analyzed during 1951-1997 over China (Yan & Yang 2000) . Monthly data analysis shows that the positive and negative trends of precipitation are significant in all months except December, and nearly 90% of the driest October months can be explained by wind directions typical of the East Asian winter monsoon (Gemmer et al. 2011) . The frequencies of extreme precipitation events in different seasons on a regional scale exhibit significant interannual and interdecadal variabilities , Ning & Qian 2009 ). The latent heat flux over the South China Sea and the sensible heat flux over the Indochina Peninsula influence extreme precipitation in different calendar months. These effects are achieved by the interdecadal increase of the strengthening convection over South China through the South China Sea summer monsoon (Ning & Qian 2009 ). The annual and interannual trends of the 500 hPa geopotential height and 850 hPa horizontal winds over the Eurasian continent affect Chinese summer extreme wet and dry events (Weng et al. 2004) .
Rapid advances in climate modeling improved the estimation of climate change during the past decades. Although several climate models reasonably capture the main characteristics of the spatial distribution and linear trends of precipitation ex tremes (Jiang et al. 2009 ), the coupled climate system models often lack skill for simulating extreme precipitation (Sun et al. 2006 , Kiktev et al. 2003 . The projections of future changes in extreme events, however, still depend on the climate model. Increases in extreme precipitation greater than the mean under increased greenhouse gases have been reported in many climate models both on global and regional scales (Pall et al. 2007 ). The projection of extreme pre cipitation over China has also been analyzed based on the output from the Fourth Assessment Report (AR4) of the Intergovernmental Panel on Climate Change (IPCC) (Jiang et al. 2009 ).
Beijing Climate Center Climate System Model version 1.0 (BCC-CSM1.0) is a fully-coupled climate model developed by the Beijing Climate Center. Several studies (e.g. Chen 2008, Zhang et al. in press) show that BCC_CSM1.0 can capture the basic climate feature of summer atmospheric circulation and precipitation over East Asia. This study will focus on the model performance in simulating extreme precipitation in the last 50 yr.
MODEL, DATA AND METHODS

Model and experiment design
The BCC-CSM1.0 is a global fully-coupled climate model. It is originated from the Community Climate System Model version 2 (CCSM2; Kiehl & Gent 2004) . The main differences between the BCC-CSM1.0 and CCSM2 are their atmospheric and land surface model components. For the atmosphere, the BCC-CSM1.0 uses an atmospheric general circulation model BCC-AGCM2.0.1 developed by the BCC (for details see Wu et al. 2008 Wu et al. , 2010 . It is a spectral model with horizontal T42 truncation (~2.8125° horizontal resolution) and 26 layers in the vertical direction. It performs well in simulating the basic climate of precipitation, temperature, thermal structure and atmospheric circulation (Wu et al. 2010) , intraseasonal oscillations of zonal wind and precipitation (Dong et al. 2009) , and the Asian−Australian Monsoon In order to evaluate the capability of BCC_CSM1.0 for historical climate simulation, the 20th century historical experiment (20C3M) is carried out. In the simulation of 20C3M, BCC-CSM1.0 was forced by observed greenhouse gases, aerosols, solar irradiance, and volcanic aerosols used in IPCC AR4 ex periments. A pre-industrial control experiment was carried out first with the external forcing fixed to the values of 1870, initialized from a present-day control run of 500 yr. With ~100 yr of spin-up, the global mean sea surface temperature (SST) and sea ice fraction became stable, then the 20C3M run was branched from the pre-industrial control run with year-to-year changed external forcing from 1870 to 1999, and then continuously run with the corresponding external forcing according to SRESB1 (IPCC 2000) until 2010.
Data
The observed precipitation data from 1956 to 2009 at 349 rain gauge stations over the eastern part of China east of 105°E (Fig. 1 ) are used in this study.
They were selected from a new dataset with a higher spatial density, and the quality control has been done by the National Meteorological Information Center of China Meteorological Administration (CMA) using climatic extreme value check, extreme value check, and internal consistency examination. This dataset has not been used in extreme precipitation research before. In order for inter-comparison, the model data are linearly interpolated into 0.5 × 0.5° gridded points, and the station observations are interpolated to the same gridded points using 'oacres' function in the meteorological software Grads.
The National Center for Environmental Prediction/ National Center for Atmospheric Research (NCEP/ NCAR) reanalysis dataset v. 1 (Kalnay et al. 1996 ) is used to analyze the atmospheric circulation background over East Asia. The horizontal resolution of the data is 2.5 × 2.5°. The monthly precipitation data from Climate Prediction Center (CPC) Merged Analysis of Precipitation (CMAP) dataset (Xie & Arkin 1997) is also used in this study. For inter-comparison, the model output data are linearly interpolated into the same grid points as the reanalysis data.
Extreme precipitation indices and analysis methods
Daily precipitation intensity was classified into 5 categories: light rain (0.1−9.9 mm d ). To consider large-scale differences in precipitation, we used percentiles to analyse the precipitation extremes.
The thresholds of extreme precipitation are estimated on the basis of percentiles. First, the time series of the 95th percentile of daily precipitation amounts for all rainy days (precipitation ≥1.0 mm d ) was ranked in ascending order: X 1 ,X 2 ,…, X N . The probability P m for each rank m (m = 1, 2,…, N; where N is the length of the record) can be estimated by:
Here, P m is an ascending series. Then the precipitation amount at the 95th percentile (hereafter R95) can be linearly interpolated from the P m series. This method to estimate the percentiles is simple and avoids any other assumptions of the underlying distributions (Bonsal et al. 2001) .
Then, the number of days with rainfall above R95 (R95p), the total precipitation above R95 (R95pTOT), and the intensity index of the extreme precipitation (R95pI) defined as: R95pI = R95pTOT ͞ R95p, can be calculated. The daily precipi tation intensity index (SDII) is also used in this work. It is defined as the rate of total precipitation (PRCPTOT) over total precipitation days above 1.0 mm d −1 in a year. The non-parametric Mann-Kendall method (M-K method) is utilized to test the trend of extreme precipitation (Mann 1945 , Kendall 1948 , 1975 . It has been widely used to evaluate statistically significant trends in hydrological and climatological time series (e.g. Xu et al. 2004 , Zheng et al. 2007 ). As for the given time series of x i (i = 1, n), its statistic variable Z c is introduced as: ( 6) where Median () is the value in the median location of a series. A positive value of β indicates an increase or upward trend; a negative value of β indicates a decrease or downward trend. Empirical Orthogonal Function (EOF) analysis (Chelton et al. 1990 , North et al. 1995 ) is used to extract the spatial modes of extreme precipitation change. We use the sub-regions according to Li et al. (2011) , where rotating EOF (hereafter REOF) analysis is used in partitioning sub-areas. First, the annual precipitation data series of each station is normalized. Principal components analysis is used to extract factors. The REOF method is to rotate the 20 leading factors (with > 85% accumulative variance contri bution) by using varimax orthogonal rotation to make the maximum load in the least variables. Then Euclidean distance and Pearson's correlation coefficient are both used as the measurements of similarity between one station and another in cluster analysis. The results by 2 different measurements are similar in spatial distribution. Given the consistency in one region and differences among regions, as well as the size of each area and the climatic zones used in previous studies (e.g. Wang et al. 2004 , Huang et al. 2011 ), mainland China is divided into 8 sub-regions. In this study, we selected 5 sub-regions in the eastern part of China, with minor adjustments to the boundaries of each area. The 5 sub-regions are Northeast China (NE) (115−135°E, 42−52°N), North China (NC) (105− 125°E, 35−42°N), Jiang huai Region (JH) (105− 122°E, 28− 35°N), South China I (SCI) (105−110°E, 20−28°N) and South China II (SCII) (110−122°E, 20−28°N). The sub-regions are generally consistent with previous di visions for the eastern part of China. South China was divided into 2 regions, which is different from previous studies.
Power spectrum analysis and linear trend analysis (Wei 1999) are also used in this study.
RESULTS
Climatology of precipitation
Simulated precipitation gradually decreases with the increment of latitude, especially north of 30°N, which is similar to the observation (Fig. 2) . The spatial correlation coefficient between simulation and ob serva tion over Eastern China is 0.77, while the root-mean-square error (RMSE) is 336 mm, a large value. The precipitation in the southern part of eastern China is underestimated, whereas in the northern part it is slightly overestimated. The large RMSE value mainly results from the large negative biases of the southern part of eastern China. The model fails to capture the high value area on the South China coast and sub-high value center in the middle and lower reaches of the Yangtze River Basin. The position of PRCPTOT maximum center is shifted to the east of the Qinghai−Tibet Plateau, which is similar to some models in CMIP3 (Zhang 2008) . The result may be due to the resolution, treatment of topography or other reasons (Gao et al. 2006) .
The evaluation for summer precipitation simulation based on CMAP monthly precipitation over East Asia shows similar results (Fig. 3) . The spatial correlation coefficients between simulated and CMAP summer precipitation over East Asia (105−140°E, 20−45°N) and most of East China (105−125°E, 20−50°N) are 0.71 and 0.79 respectively, and the RMSEs are 1.69 and 1.63 mm d −1 respectively. The precipitation north of 30°N is underestimated. In order to explore the attribution of precipitation biases, several circulation fields were analyzed. The analyses show that the simulated local drier air, weaker water vapor transportation, weaker convergence and weaker upward motion contribute to underestimating precipitation over this area. . Over East Asia, the correlation coefficient between simulation and NCEP reanalysis is 0.94 and the RMSE is 4.12 kg m −2 ; 51% of the grids have consistent signs between precipitation biases and precipitable water biases. Fig. 3b shows that the vertical integrated water vapor flux over most of the 105−140°E, 20−32°N area is underestimated with southward transportation bias. The consistency of signs between precipitation biases and vertical integrated water vapor flux biases is 75%, which indicates the contribution of water vapor transportation to precipitation biases. Thus the capability of the model in simulating water vapor flux is more important for precipitation simulation in summer over East Asia.
The dynamic factor is also important for precipitation formation. Fig. 4 shows the longitude−height section for divergence in summer over 20−30°N.
Negative values denote convergence and positive values denote divergence. The height of convergence can be up to 400 hPa in NCEP reanalysis, while it is only up to 500 hPa in the BCC_CSM1.0 simulation (Fig. 4) . The specific values at the lower levels are greater in the simulation than in the reanalysis field, which implies that the simulated convective activity is weaker over this area. The simulated upward vertical velocities over this area are less than the observed ones, which implies that the upward motion is weaker and the deep convection may be underestimated in BCC_CSM1.0 (data not shown). The analysis for outgoing longwave radiation supports this point to some extent (data not shown). ) in Jun−Aug (JJA) of 1980−1999 (BCC_CSM1.1 data -NCEP reanalysis data). COR: correlation coefficient between simulated and NCEP reanalysis data (colored areas). RMSE: root mean square error of simulated precipitable water relative to reanalysis data. CON: consistent rates of the biases fields between precipitation and precipitable water or water vapor flux. Precipitation is calculated based on the CMAP monthly precipitation data; circulation fields are calculated based on monthly NCEP I reanalysis data by NCAR rainy days are all underestimated over almost the whole of eastern China (Fig. 5d,e) .
The result is similar to the evaluation of models under CMIP3 by Sun et al. (2006) . The models under CMIP3 also underestimated the frequency of heavy or even stronger precipitation events. The precipitation event with a much larger precipitation amount is often related to the stronger or deep convection activity. The weaker circulation may have an important contribution to the negative biases of heavy precipitation frequency in BCC_CSM1.0.
Climatology of thresholds, frequency and amount of extreme precipitation
Considering the large spatial difference of precipitation and also the bias of BCC_CSM1.0 in simulating the absolute rainfall, we use the percentile method to define the extreme precipitation event.
Here we select the 95th percentile to calculate the threshold and related statistics. , re spectively. The simulation fails to capture the ob served high value center in the middle and lower reaches of the Yangtze River Basin, as well as a little westward deflection from Bohai Coast to central North China for the second high value center (Fig. 6b) . The RMSE of the simulation over eastern China is 10.5 mm d −1
. Generally, the model reproduces the high−low value distri bution of the threshold, although there are negative biases in the whole of eastern China. Fig. 7 shows the observed and simulated climatology of R95p, as well as the biases of simulated R95p. The spatial correlation coefficient between simulation and observation is 0.65. In observation, the high frequency area is located in South China with the maximum >10 d. In simulation, however, the high frequency center is shifted northward to the middle and lower reaches of the Yangtze River Basin, with maxima >12 d. Moreover, there is another higher frequency area in the east side of the Qinghai−Tibetan Plateau due to the large bias in precipitation simulation. The simulated R95p are greater than the observation in most of eastern China except in local areas in South China. The area with largest biases is located in the east side of the Qinghai− Tibetan Plateau and the biases are also much larger in some local areas between the Yellow River and Yangtze River.
Based on the above analysis, the annual total extreme precipitation above the 95th percentile is calculated. Fig. 8a,b shows the observed climatology (1971−2000 mean) of R95pTOT and its proportion in PRCPTOT. The spatial distribution of R95pTOT is similar to PRCPTOT (Fig. 2) over Eastern China, with the characteristic of gradual decrease from south to north. The annual R95pTOT is >1000 mm in the South China coast and <100 mm in central Inner Mongolia. The percentages of R95pTOT in PRCPTOT are > 45% in most of eastern China, except for Inner Mongolia (< 36%), with the higher value area in South China (up to 50%) and gradually decreasing from south to north. The high portion of extreme precipitation is determined by the method to calculate the threshold. Fig. 8c shows the simulated climatology of R95pTOT by BCC_CSM1.0. The simulated R95pTOT north of 32.5°N is greater than the observation, especially in the central area between the mid−upper reaches of the Yellow River and Yangtze River. The simulation south of the Yangtze River, however, is lower than the observation, especially in the South China coastal area, with the negative biases (<−500 mm) in the center (Fig. 8e) . Fig. 8d shows the percentage of R95pTOT in PRCPTOT simulated by BCC_CSM1.0. The simulated percentages of R95p TOT in PRCPTOT are similar to observation in magnitude. There is a high value center in the middle and lower reaches of the Yellow River Basin, which is larger than the observation. The simulated percentage values in South China, middle reaches of Yangtze River Basin and the north part of Northeast are slightly lower than the observation, and most of the bias values are < 4% (Fig. 8f) .
Spatial feature of extreme precipitation amount change
Observed (Fig. 9a−c) and simulated ( Fig. 9d−f (Fig. 9a) shows that the change of R95pTOT south of the Yangtze River has the same tendency as that over the middle part of Inner Mongolia and the local area of the northeast, and opposite to that north of the Yangtze River. EOF1's variance contribution is 9.4%. The first EOF mode of T95pTOT simulated by BCC_CSM1.0 captures the main spatial pattern for observed R95pTOT change (Fig. 9d) , although parts of the negative area in the southern part of the Yangtze River expands northwards to the Huaihe River Basin. The variance contribution of EOF1 is 11.8%, which is greater than observations. EOF2 of observed R95pTOT (Fig. 9b) shows that the change tendency over most of the Yellow River Basin area is similar to that in the South China coast.
However, the northeast and the area between 25 and 35°N in eastern China show the opposite trend. The variance contribution is 7.5%. The EOF2 of R95pTOT simulated by BCC_CSM1.0 also captures the general observed characteristics, al though there is some difference in spatial extension (Fig. 9e) . The variance contribution is 8.5%.
EOF3 mode of observed R95pTOT (Fig. 9c ) is characterized by the opposite change tendency between the Jianghuai area and other areas of eastern China. Its variance contribution is 7.4%. The EOF3 mode of simulated R95pTOT (Fig. 9f) is characterized by an opposite change trend between the local area in the mid−lower reaches of the Yangtze River Basin and most other areas in eastern China, which is generally similar to the observation. There is a difference be - tween simulation and observation along the middle and lower Yangtze River Basin and weaker change signals in North China. The variance contribution of EOF3 is 8.0%, which is greater than observations. Generally speaking, although BCC_CSM1.0 has obvious systematical biases in extreme precipitation indices, the model can reasonably capture the general long term change patterns of R95pTOT.
Long term trend of extreme precipitation
To analyze the performance of BCC_CSM1.0 in simulating the long term trend of extreme precipitation events, linear trend analysis and the nonparametric Mann-Kendall test were used. Fig. 10 shows the linear trend coefficient of R95p -TOT, R95p, R95pI, and SDII during 1956-2009 . The spatial distributions of linear trends of R95pTOT, R95p, R95pI, and SDII are similar, with opposite linear trend coefficients between the north (−) and south (+) of ~33°N, but with more positives in northern areas for R95pI and SDII. The results are similar to previous research (Pan 2002 , Zhai et al. 2005 .
BCC_CSM1.0 captures the negative trends of R95pTOT, R95p, and SDII in the northeast, as well as the positive trends for R95pTOT, R95p, R95pI, and SDII in the mid-lower reaches of the Yangtze River Basin (Table 1 ). But the model fails to capture the negative trend of R95pI in the northern area. The opposite linear trends of the 4 indices over most or part of southern China indicate that the model has poor performance in simulating the long term linear trend of extreme precipitation over this area. The regional averaged anomalies of proportion of R95p TOT and R95p during the period of 1956−2009 were calculated. As for R95pTOT, there is a significant 36-yr period in NE China and a 2.8 yr period in North China. No significant period is detected in Jianghuai, South China I, and South China II. The simulation shows a significant 12 yr period in NE China, which is shorter than observed, and no significant period in the other 4 sub-regions. As for observed R95p, there is a significant 36 yr period in NE China and 2.8 and 2.6 yr periods in North China. No significant period is detected in Jianghuai, South China I and South China II. The result re veals that there is a significant 12 yr period in NE China, which is shorter than observation. A significant 2.8 yr period is detected in South China I. No significant period is detected in the other 3 subregions.
The Mann-Kendall test for observed regional averaged percentage of R95pTOT (Table 1) shows that there are significantly decreasing trends at the 0.1 significance level in NE China and North China, and increasing trends in Jianghuai, South China I and South China II, but the increasing trends are not significant. BCC_CSM1.0 captures the decreasing and increasing trends in NE China and Jianghuai respectively for R95TOT, although the tendencies are weaker. The trends, however, are opposite in North China, South China I, and South China II for both of simulated R95TOT and R95p.
As for observation, the regional averaged R95p in North China has a significant decreasing trend at the 0.05 significance level. The R95p in NE China decreased but the tendency is not significant. Those in Jianghuai, South China I and South China II have increased in some extent. The result in North China is similar to previous studies (Zhai et al. 2005 , and that in southern China is similar to that shown in Zhai et al. (2005) . BCC_CSM1.0 captures the decreasing and increasing trends in NE China and Jianghuai for R95p, with weaker tendencies. The trends, however, are opposite in North China, South China I and South China II for R95p in the simulation.
Interdecadal change of extreme precipitation frequency
Observation analysis showed interdecadal change in the summer climate in East Asia at the end of the 1970s (Hu 1997) , and an abrupt change for summer precipitation in South China . Probability density analysis was used to explore the regional interdecadal change of extreme precipitation frequency in the 5 sub-regions, which has not been analyzed in previous work. Here we selected 1956− 1979 and 1980−2009 as 2 periods for interdecadal analysis in NE China, North China and Jianghuai. In addition, we selected 1956−1979, 1980− 1992, and 1993− 2009 as 3 periods for interdecadal analysis in South China I and South China II. Probability density of R95p was calculated for each period in each subregion (Fig. 11) , and the spatio-temporal mean during the 2 or 3 periods for the 5 sub-regions are listed in Table 2 . Generally, the frequency of extreme precipitation above the 95th percentile in simulation is higher than that in observation in each sub-region.
In NE China, the model is able to capture the increment of the regional averaged decadal mean of R95p. The ob served spatio-temporal averaged frequency increases from 7.41 to 7.64 and the simulated results change from 20.36 to 21.18. The model also captures the increment in higher frequency range and decrement in mid frequency range but it fails to capture the decrement in the lower frequency range.
In North China, the model shows inability in simulating the interdecadal change of R95p. Fig. 10b shows that the observed probability density curve of R95p shifts to a lower frequency and the spatio-temporal mean value decreases from 6.62 to 6.08. However, there is no obvious change in the simulation (Fig. 11g) , with similar values in both time periods.
In the Jianghuai area, BCC_CSM1.0 reproduces the general shift of the probability density curve from a lower frequency range to a higher one. The spatiotemporal mean increases in observations and in simulation, but the simulated spatio-temporal mean frequencies are higher than observations.
In South China I, the probability density curve has a slight shift from a higher frequency range to the lower one from 1956−1979 to 1980−1992 in the simulation, with the regional R95p mean decreasing. The change is similar to the observations. The model generally fails to reproduce the observed shift from a lower to a higher frequency range from 1980−1992 to 1993− 2009. The regional averaged R95p value in observations increases, while that in simulation just has a slight increase. In South China II, the observed extreme precipitation events above the 95th percentile become more frequent from 1956−1979 to 1980−1992 and 1993− 2009 . However, the simulated spatio-temporal averaged value of R95p tends to decrease. The change is opposite to the ob servations. The interdecadal tendency is similar to the observations. Generally, the BCC_CSM1.0 does not reproduce the interdecadal change feature of R95p in South China II.
The observed increment of extreme precipitation over South China since 1993 is similar to the work of Ning & Qian (2009) . Here South China is divided into 2 sub-regions and one can find the differences between South China I and South China II. The R95p decreased in South China I, but increased in South China II from 1956 II from −1979 II from to 1980 II from −1992 1956-1979 (20.30) 1980-1992 (19.19) 1993-2009 (20.61) 
DISCUSSION
Based on daily precipitation during 1956−2009 from 349 rain gauge stations in eastern China, the performance of the BCC_CSM1.0 in simulating the regional extreme precipitation change over eastern China (east of 105°E) is evaluated. We also obtain similar results as previous research about the observation (e.g. Pan 2002 , Zhai et al. 2005 , such as the frequency and amount of extreme precipitation decreased in Northeast and North China, and increased in South China during the period of 1956 to 2009.
The 20th century simulation forced by observed greenhouse gases, aerosols, solar irradiance and volcanic aerosols shows that (1) BCC_CSM1.0 reproduces the basic feature of observed climatology of annual total and extreme precipitation over the 95th percentile, with spatial correlation of 0.77 for both of them, and (2) BCC_CSM1.0 captures the main change patterns of yearly accumulated extreme precipitations above the 95th percentile, although there are some model biases in the spatial extension and strength.
There are also some model biases: (1) the annual to tal and extreme precipitation south of Yangtze River are underestimated. The regional differences for extreme precipitation change is considerable and there are interdecadal variation signals for extreme heavy precipitation. Although some encouraging results for extreme precipitation simulation are obtained, the performance of BCC_ CSM1.0 needs to be im proved. IPCC AR4 models also have large biases in simulation of precipitation resulting from the East Asian summer monsoon (EASM) . It is therefore a common task for current climate system models to improve their performance in simulating the precipitation over East Asia.
A good simulation of the EASM is very important for precipitation simulation in East Asia. The probability of climate extremes is also strongly affected by atmo spheric circulation and climate variability, such as Madden−Julian Oscillation, El Niño−Southern Oscillation, and Pacific interdecadal variability, in the global and/or regional scale (Jones et al. 2004 , Curtis et al. 2007 , Kenyon & Hegerl 2010 .
The climate system model working group in BCC are devoting themselves to improve the capability of BCC_CSM. teristics of daily and extreme temperature over Canada. J Clim 14:1959 −1976 Region 1956 −1979 1980 1980 −1992 1993 Table 2 . Spatio-temporal averaged number of days with rainfall above the 95th percentile (R95p) 
